Environmental Impact Significance Assessment (EISA) is usually modeled as a multi-criteria decision making process for determining the importance of project's impacts over involved environment, considering subjective judgements provided in a qualitative and/or quantitative way. Classical EISA methods are not efficient on handling heterogeneous contexts since experts are forced to use numerical scales even for assessing subjective environmental indicators and they also obtain numerical outputs of low interpretability. In this paper is proposed a new approach for heterogeneous EISA based on the linguistic 2-tuple fusion model for dealing with heterogeneous information. It provides a flexible evaluation framework in which experts can supply their preferences using different information domains conform to the nature and uncertainty of criteria as well as their level of knowledge and experience. Moreover the approach applies a multistep aggregation process to obtain interpretable significance values without loss of information.
Introduction
The environment is a complex system consisting of physical, biological, and social resources [8] . It supports human projects, in return, receives their beneficial and adverse impacts. A rational use of environmental resources demands suitable studies of impacts produced by human actions. Due to this fact, the interest of governments and society about Environmental Impact Assessment (EIA) has been increased together the number of approaches for conduct it. EIA is a tool for identifying, predicting, evaluating and mitigating the social, biophysical, and other relevant effects of development proposals prior major decisions and commitments are made [41, 44] . It is generally carried out following two different perspectives (although some methods attempt to combine both of them):
1. Based on significance: it uses experts' judgements by means of ordinal scales that are aggregated to obtain the impacts significance.
2. Based on magnitude: it quantifies impacts by using indicators in order to obtain the difference of environmental quality between situations with and without project.
The significance of an environmental impact is closely linked with the magnitude of the impact itself, although they are not equivalent. Whereas magnitude refers to the difference in environmental quality induced by human action, significance refers to experts' and stakeholders' judgement on the overall importance of that difference [5] . Usually subjective judgements are related to the significance assessment while objective measures of environmental indicators are related to the magnitude.
Our interest in this contribution is focused on Environmental Impact Significance Assessment (EISA) as the process for determining the importance of project's impacts over the affected environmental factors, considering subjective judgements provided in a qualitative and/or quantitative way. An EISA process traditionally consists of: (i) a project analysis, (ii) an environmental inventory, (iii) identifying potential impacts, (iv) assessing significance and (v) writing the environmental impact report. Our research aims at improving the Assessing Significance stage as the core in evaluating the identified impacts, obtaining global evaluations of proposals and therefore supporting final decisions.
Significance determinations differ among activities and environments, and are context-dependent, subjective, imprecise and necessarily a joint endeavor in which experts judgements are summarized in value-full results [20] .In EISA, the judgements are subjective due to the lack or inadequacy of baseline data, the time frame provided for data acquisition and analysis and the terms of reference provided for the evaluation [36] . Even when quantitative environmental data are accessible, the overall use of these data requires a subjective judgement of the possible impact, its spatial scale and potential magnitude.
According to Lohani et al. [24] best methods for assessing impacts should be able to organize a large mass of heterogenous data; allow summarization of data; aggregate the data into smaller sets with least loss of information; and display the raw data and the derived information in a direct and relevant manner. An extremely important aspect in EISA is to maximize the assessment accuracy while simultaneously ensuring that the obtained results remain understandable [18] . However, conventional EISA methods [2, 6, 11, 21, 25, 36, 42] are limited regarding:
• Dealing with heterogeneous information: They are not flexible since experts are forced to use numerical scales although criteria exhibit diverse nature and might be evaluated using different expression domains.
• Achieving understandable results: They obtain numerical outputs of low interpretability due to quantitative results not always represents qualitative information accurately.
• Dealing with uncertainty: They are consequently unable to handle properly the uncertainties and vagueness of subjective judgements.
To overcome such limitations this paper proposes a new approach for EISA, which provides a flexible heterogeneous evaluation framework capable of gathering heterogeneous assessments taking into account the uncertainty of EISA and according to the qualitative and/or quantitative essence of criteria and experts' experience. The heterogeneous information will be managed by a fusion linguistic approach [17] that transform the heterogeneous information into linguistic one. It implies the necessity of Computing With Words (CWW) processes [31, 33, 46] . Therefore in order to obtain accurate and ease understanding results the EISA approach proposed will use the 2-tuple linguistic computational model [14] . It is remarkable that this EISA approach not only obtains accurate and understandable global significance results but also it will compute significance values by a multi-step aggregation procedure whose outcomes will be accurate and interpretable linguistic significance values of factors, actions and impacts.
This paper is structured as follows. Section 2 reviews the main characteristics of EISA problems and traditional solving methods. Subsequently Section 3 revises approaches to deal with heterogeneous information and select the suitable for our problem. Section 4 introduces the new approach for heterogeneous EISA based on the linguistic 2-tuple fusion model for dealing with heterogeneous information. Section 5 shows an illustrative example and section 6 concludes the paper.
The EISA problem
EISA can be regarded as a planning and management tool [2, 44] for public scrutiny of development enterprises programs, projects and industrial activities. As an interdisciplinary process, it frequently not only involves experts and technical specialists coming from different fields with different background and level of expertise but also citizens and politicians providing opinions and concerns as well as interpreting the outcomes of EISA. Due to significance determinations usually involve the diverse roles depicted in Figure 1 , solely numerical EISA results far from human common language may affect the final understanding of EISA including its juridic and administrative usage.
The interest in the application of Multi-Criteria Decision Making (MCDM) methods to support and improve EISA has recently grown rapidly, in order to make the decision process more transparent and the information manageable for all stakeholders [19] .
A MCDM problem consists of selecting the most desirable alternative from a given set of alternatives according to a set of criteria [38, 43] . Determining the significance of environmental impacts of a project can be modelled as a MCDM problem [41] considering the following elements:
• A set of environmental factors F = {f i |i ∈ (1, ..., m)} affected by different actions.
• A set of actions A = {a j |j ∈ (1, ..., n)} executed to develop the project.
• A set of impacts I = {I ij |i ∈ (1, ..., m), j ∈ (1, ..., n)} caused by the interaction of factors and actions.
• A set of criteria C = {c h |h ∈ (1, ..., p)} characterizing these impacts.
• One or more experts E = {e k |k ∈ (1, ..., q)} providing information about each impact over the set of criteria.
The EISA multi-criteria model has to obtain, on the one hand, ranking orders of impacts, factors and actions and on the other hand, an overall evaluation of the project that may be used to compare it with other alternative projects.
Even though there are several traditional approaches for EISA [2, 6, 11, 21, 25, 36] , Figure 2 shows a general EISA procedure adapted from [41] that consists of:
• The project/s are analyzed in order to identify the set of actions to be performed.
• The set of environmental factors are identified and include in an environmental inventory that takes into account the physical, chemical, biological, social, economic, and cultural setting in which the proposed project is located, and where local impacts might be expected to occur.
• Potential impacts should be identified to facilitate the earlier detection of any change over factors caused by the project.
• The assessing stage computed the significance of the impacts by using different techniques and the results are evaluated in order to made further decisions.
• Eventually, decision makers, usually an EIA committee, make decision about the acceptance or rejection of the project and state the decision in the environmental impact report.
Our interest is focused on the Assessing Significance stage because it turns the information from previous stages and subjective preferences over criteria, into significance values for supporting decisions about pertinence of projects and prevention or reduction of negative impact. Sometimes this assessing procedure addresses only individual, negative impacts while positive impacts are ignored or vice versa [20] . In such cases, both types of impacts are not compared to determine if the project is, on balance, in the public interest. To address significance of positive and negative effects is necessary not only because it is a good practice but also because it can prevent and reduce adverse social and economic impacts.
The most broaden method for assessing significance is the use of interaction matrices [42] because it is simple and inexpensive. Some authors consider that there is a general "crisp" matrix for EISA [9, 42] which is based on the methodology proposed by Conesa [6] . It relates the set of actions of the project to the set of environmental factors in a double-entry matrix whose intersections are used to represent and assess impacts according to the set of criteria.
Criteria for assessing significance of impacts usually include the spatial extension, the intensity, the duration and the synergy among others (a summary can be found in [5] ). They have different nature (quantitative and qualitative). For example, several methods [2, 6, 9, 11, 42] define the extension as the criterion expressing the spatial extent of the area affected by the impact. Therefore it could be assessed in a quantitative way and expressed for instance in km 2 . However other criteria in EISA involves uncertainty and in several of them the uncertainty could be non-probabilistic because it is related to the imprecision and vagueness in meanings. In the latter case it may be difficult to assess them by using precise numerical values. In such cases the use of interval values [47] or linguistic values [32] could be more suitable.
Despite the necessity of modelling different types of uncertainties, traditional EISA methods do not model suitably such uncertainties. These processes evidently produce inaccuracy and imprecision in final results and, at the same time, give a wrong quantitative perspective to a subjective qualitative process. Previous drawbacks can bias the judgments because managers might be wrongly focused on dealing with insignificant impacts while the more negative impacts or aggressive actions remain untreated, or even the wrong selection of a project from a set of alternative ones.
In general, traditional EISA methods are not efficient in managing suitably heterogenous data, since the criteria are assessed in numerical scales in which uncertainty and vagueness cannot be always modeled by probability but rather than by means of linguistic information [32] . This fact also achieves a lack of accuracy and loose of information because they cannot represent vague and imprecise concepts in a precise way and further they obtain only numerical data with poor interpretability level.
In order to overcome these difficulties and improve the Assessing Significance stage, it is introduced a new approach for heterogeneous EISA which provides a flexible evaluation framework in which experts can express their preferences in different formats and improves the interpretability and accuracy of resulting significance values by means linguistic information.
Management of heterogeneous information in decision analysis processes
This section firstly reviews the decision analysis process to provide a structure for managing heterogeneous information; secondly presents the formalization of the types of information to be managed in the heterogeneous framework and thirdly overviews approaches to deal with heterogeneous information and selects the suitable for our problem according to the interpretability of decision analysis process and results which are the main desired features of our proposal.
The decision analysis process
The decision analysis [26] is a suitable approach for evaluation processes. Its main purpose is to support the decision making process by providing the relevant and effective elements to the decisions makers in a rational, intuitive and ordered mode. It supplies methods for organizing decisions by firstly establishing the set of appraised elements in the evaluation framework, then gathering the information and finally, computing a final assessment for each element. These phases are depicted in Figure 3 . In the coming subsections are described the heterogeneous framework that will be used in our proposal and reviewed different approaches to deal with such a type of information.
The heterogeneous framework
To compute an overall assessment that summarizes the gathered information and provides useful results for decision making, first it is required to define the evaluation framework. The set of experts might express their preferences in different information domains, generating a heterogeneous framework [30, 27] which includes the following domains that will be used in our EISA proposal:
They are common for assessments related with quantitative criteria judged under certain or risk conditions [43] .
• Interval values: (V ):
They are common when the information about quantitative criteria are vague and experts cannot provide a precise number [47] .
• Linguistic values: (S): x hk ij = s hk ij ∈ S, S = {s 0 , ..., s g } being g + 1 the cardinality of the linguistic term set (LTS) S.
They are common for assessing qualitative criteria and/or when obtaining more accurate values is impossible or unnecessary [47] . In such cases the fuzzy linguistic approach is suitable for representing the information as linguistic values by means of linguistic variables [48, 49, 50] . In linguistic contexts, the granularity of uncertainty indicates this level of distinction among different counting of uncertainty (the more knowledge the more granularity and vice versa).
Related work on dealing with heterogeneous information
Once the information formats considered in our proposal have been formalized, it is necessary a further review of the methods to deal with such types of data in order to select the more convenient for our proposal.
To deal with heterogeneous information, different approaches have been developed [3, 17, 22, 23, 51] . They may either unify heterogeneous information into a common format or direct and individually deal with information depending on its expression domain. For instance Zhang and Lu [51] introduced an approach based on the unification into fuzzy sets. According to the expression domain of each preference, firstly it unifies the heterogeneous information into triangular fuzzy numbers which are aggregated to generate the collective assessments for each alternative. Using distance measures between two fuzzy numbers, a crisp closeness coefficient is computed for each alternative, considering the distance measure between the fuzzy collective assessment of each alternative and both a Positive Ideal Solution (PIS) and a general Negative Ideal Solution (NIS). These values are used to generate the final ranking.
In contrast Li et al. [22] presented a different solution performing direct computations with heterogeneous data instead of joining them into a common domain. Therefore, the approach does not have an unification phase but directly computes relative closeness degrees between experts' assessments and both PIS and NIS by means of different Minkowski-based distance measures, depending on the expression domains. Such distances are aggregated for experts using weights of criteria to obtain a relative closeness degree of each alternative to the PISs. Finally a collective relative closeness degree with respect to the PIS is computed in the unit interval for each alternative and used to obtain the ranking order.
The closeness coefficients from the approaches in [22, 51] are real numbers in [0, 1] , that allow to obtain a ranking of alternatives, but they lack interpretation and do not provide further understandability than such a ranking. Therefore they are not a very suitable expression domain in those cases like EISA, in which experts and other roles, need more than a ranking of alternatives in order to understand the evaluation process as well as the obtained results.
Other kind of approaches [3, 17, 23] are based on the unification into linguistic values. They unify the heterogeneous information into linguistic values using different transformation functions and then operate with the linguistic information to obtain overall rating of alternatives by accomplishing CWW processes. Despite each approach uses different and specific representation and computational models, they follow three steps for rating the alternatives: (i) the unification of the information, (ii) the aggregation of the information and (iii) the ranking of alternatives.
Herrera et al. [17] introduced a linguistic fusion approach based on the 2-tuple representation model [14] . For dealing with heterogeneous information, firstly, a unique LTS is chosen; secondly the heterogeneous information is unified into fuzzy sets into it by means of transformation functions according to the expression domains and thirdly the information is further transferred into linguistic 2-tuple by means of another transformation function. Once the information have been unified, the aggregation processes can be performed using the operators from the linguistic computational model. The results are 2-tuple linguistic values.
Meanwhile Li et al. [23] presented a linguistic fusion approach based on the linguistic-valued lattice implication algebra inspired on the lattice implication algebra [45] . The linguistic values are represented as pair including a linguistic modifier and a linguistic term. The heterogeneous framework only includes numerical and linguistic values, in consequence, in the unification step the numbers in [0, 1] are transferred into linguistic values using a single transformation function. In the aggregation phase the linguistic-valued weighted aggregation operator [23] is used to generate the individual overall preference value of an alternative according to criteria as well as to generate the collective overall preference value according to all experts. The results are linguistic values.
Recently Carrasco et al. [3] introduced an approach taking as base the semantic translation fuzzy model. In the unification step it is necessary to represent heterogeneous data into trapezoidal fuzzy number. The aggregation step can be performed using the operators from the linguistic computational model, but to define them also it is necessary to choose other operator representing the fuzzy degree of equality of a term over another which can be defined applying the possibility and the necessity theories. The results are linguistic values with a representativeness degree value of the used aggregation operator.
The previous approaches based on the fusion into linguistic values obtain linguistic results easier to comprehend and those in [3, 17] have a clear representation that allows better interpretability of their results. But the approach presented in [3] requires to select a priori a representation and a computational model. The former requires to select a priori an operator, a threshold and a value of discrimination then the latter needs to select a degree of equality operator and consequently to define the aggregation operators.
According to the previous elements the 2-tuple approach based on the fusion of information into linguistic values [17] , seems more suitable for our EISA problem due to its outcomes are close to human natural language and it provides higher interpretability and understandability [39] , while allowing the accomplishment of CWW processes in a precise way whenever the linguistic term set used for modelling linguistically the information fulfils the requirements indicated in [15] : (i) it conforms a fuzzy partition [40] and (ii) the semantics of the linguistic terms are represented by triangular membership functions. Additionally this fusion approach has achieved successful results in other heterogeneous decision analysis problems [7, 10, 13, 29, 35] .
The linguistic fusion approach for heterogeneous information based on the 2-tuple fuzzy linguistic model
Because of our solution for EISA is based on the linguistic fusion approach based on the 2-tuple fuzzy linguistic model and its extensions [28] , this subsection reviews it with special attention on the transformation functions applied to conduct linguistic, numerical and interval valued information into a common linguistic format. The resolution process for the unification of the information in [17] is composed by the following steps:
1. Choosing the Basic Linguistic Term Set (BLTS) S T = {s 0 , s 1 , ..., s g }: The BLTS must have the maximum granularity to maintain the uncertainty degree associated to each expert as well as the ability of discrimination to express the preference values. To achieve both purposes, different possibilities are considered:
(a) If in the heterogeneous framework there is only one LTS with the maximum granularity, such that it is a fuzzy partition [40] and the semantics of its terms are represented by triangular membership functions, then, it is the BLTS. These conditions guarantee the accuracy of the CWW processes by using the linguistic 2-tuple model [15] .
(b) If there are two or more LTS with maximum granularity in the framework then:
i. If all the LTS have the same semantics and satisfy conditions in (a), then BLTS is any one of them.
ii. If the LTSs have different semantics then, the BLTS will be a set with a larger number of terms than the number of terms that a person is able to discriminate (up to 11 according to [34] ).
2. Transforming into fuzzy sets: Each input value x is transformed into a fuzzy set on S T , F (S T ) using one of the following transformation functions:
is defined as:
where
is the membership degree of x to s i ∈ S T :
where λ i = max y min{µ V (y), µ sj (y)}, i ∈ {0, ..., g} and
• For x = s j ∈ S with S = {s i |i ∈ (0, ..., g}, the linguistic transformation function T SS T : S → F (S T ) is defined as:
where λ i = max y min{µ sj (y), µ si (y)}, i ∈ {0, ..., g}.
Transforming into linguistic 2-tuples:
The fuzzy sets are finally transformed into linguistic 2-tuples over the BLTS by using the function χ :
Let S = {s 0 , ..., s g } be the set of linguistic terms, andS = S × [−0.5, 0.5) the associated 2-tuple term set. The function ∆ is defined as [14] :
where round assigns to β the integer number i ∈ {0, 1, ..., g} closest to β. The function ∆ is bijective, therefore there is a function, ∆ −1 :
Such that, from a linguistic 2-tuple, it returns its equivalent numerical value
After the unification of heterogenous information, the aggregation and ranking of alternatives steps are conducted by using the operators based on functions ∆ and ∆ −1 defined on the 2-tuple linguistic computational model [14] .
An approach for heterogeneous EISA based on the linguistic 2-tuple fusion model
In the Introduction was stated the incapacity despite of its necessity, for dealing with heterogeneous information as a limitation in traditional EISA methods due to the use of numerical scales for all types of criteria. To address this difficulty while modelling uncertainty in EISA and achieving understandable results, in this section is presented a novel approach for heterogeneous EISA based on the linguistic 2-tuple fusion model described in Section 3.4.
The main procedure for Assessing Significance consists of the three phases show in Figure 4 which extends the classical decision analysis scheme [4] presented in Figure 3: • The heterogeneous framework defines the structure and representation of the data including the information domains in which experts will provide their preferences about impacts considering different criteria.
• Such preferences are gathered once the framework has been defined.
• The rating alternatives accomplishes the CWW processes to obtain significance values following the unification model presented in Section 3.4.
All phases are described in furhter detail in the following subsections. 
Heterogeneous framework
All the elements of the EISA MCDM problem are defined in this phase.
• Let A = {a j |j ∈ (1, ..., n)} be a set of actions to accomplish during the project.
• Let F = {f i |i ∈ (1, ..., m)} be the set of identified environmental factors whose significance is given by the weighting vector W f = {w • Let I = {I ij |i ∈ (1, ..., m), j ∈ (1, ..., n)} be the set of environmental impacts. Each impact represents the action causing it (a j ) and the affected environmental factor (f i ).
• Let U = {u ij |i ∈ (1, ..., m), j ∈ (1, ..., n)}, u ij ∈ {−1, 1} be the vector for representing the character of impacts, where −1 stands for the negative impact and 1 for the positive one.
• Let E = {e k |k ∈ {1, ..., q}} be the set of experts assessing the environmental impacts according to the set of criteria C = {c h |h ∈ {1, ..., p}} whose weights are given by the vector W c = {w • Since criteria represent different dimensions of impacts, they may conflict with each other [43] originating the division of C into two subsets: C 1 with benefit criteria and C 2 with cost criteria. It means that benefit criteria the more value the better and vice versa for cost criteria. Furthermore C = C 1 ∪ C 2 and C 1 ∩ C 2 = φ where φ is an empty set.
• The preferences provided by expert e k ∈ E about the impact of action a j ∈ A over factor f i ∈ F according to the criteria c h ∈ C is represented by x hk ij . They could be assessed using values belonging to O = {N, V, S} which are the information domains defined in Section 3.2.
Consequently depending on the nature of selected criteria, experts can provide their opinions using the domain in which they feel more comfortable.
Gathering preferences
Once the heterogeneous framework has been defined, preferences must be gathered as in Table 1 . Each expert provides her/his preferences over criteria by means of assessment vectors: 
Rating alternatives
The Rating alternatives phase is the core of the approach as it generates interpretable significance values that summarize the gathered heterogeneous information. It consists of four steps (see Figure 4 ):
• The heterogeneous information is managed in order to deal with cost/benefit criteria.
• The information is unified into a common format.
• The unified information facilitates the multi-step aggregation of preferences to obtain linguistic significance values.
• Eventually, aggregated significance values are evaluated to obtain ranking of alternatives.
Managing cost/benefits criteria
This step analyzes the cost/benefit criteria, such that all values for cost criteria, x hk ij , are transformed,x hk ij , in order to be analyzed as benefit criteria:
• Numerical values, for x hk ij ∈ [0, 1]:
• Linguistic values, for x hk ij ∈ S:
where N eg is a linguistic negation operator such that N eg(s i ) = s g−i .
Unifying values
For unifying heterogeneous preferences, the method described in Section 3.4 is considered. Linguistic 2-tuple values (s a , α a ) hk ij are obtained.
Aggregating process
After obtaining linguistic 2-tuple values for all input values, it is necessary to generate a linguistic collective assessment for each alternative (impacts, factors, actions and project). It is clear the necessity of linguistic computational models that allow computations with these linguistic information in order to obtain accurate significance results and provide a representation that facilitates the interpretability of them. For reaching both purposes, a multi-step aggregation process that includes the steps illustrated in Figure 5: • A collective value is obtained for each criterion by aggregating the unified experts' preferences for each impact.
• These values are aggregated to obtain the significance value of each impact.
• Previous significance values does not include the character of the impact, so they should be adjusted into a new LTS to address the positive or negative character of the impact.
• Finally, adjusted significance values of impacts are aggregated to obtain significance of factors and actions, the significance of actions according the importance units of factors and the global significance value of the project.
Previous aggregations are carried out by the following aggregation operators [14] : 
2. The weighted mean Ψ :S m →S defined as:
The multi-step aggregation process follows the below steps:
(i) Computing collective criteria values.
Due to the EISA is modeled as a MCDM problem involving multiple experts, all experts' preferences for each criterion are aggregated to obtain a collective value of criterion for each assessed impact. The collective criteria value is a linguistic 2-tuple (see Table 2 ) denoted as (s b , α b ) h ij and it is computed by using the 2-tuple arithmetic mean operator, Φ: 
(ii) Computing impacts' significance.
Once the collective values for each criterion are obtained and using the 2-tuple weighted mean average operator, Ψ, with the weighting vector W f . The significance of each impact denoted as (s r , α r ) is computed according the weight of each criterion as:
(iii) Adjusting impacts' significance.
This step addresses positive and negative impacts. Because of an (s r , α r ) ij linguistic value does not comprise itself if the impact will be beneficial or harmful, it is necessary to adjust the significance according to the given nature in order to specify if an impact I ij has a negative or positive nature. This procedure is called adjusting impacts' significance.
When analyzing the character of an impact logically arises the idea of two new values [1, 6] (one positive and the other negative) from the original impact significance value. That means that we may face impacts with the same extension, intensity and persistence (among other criteria) but with opposite character, therefore it is required a different attitude to deal with these types of impacts because they are not equally significant for the project development.
In linguistic context, it implies to enlarge the discourse universe to represent positive and negative linguistic significance values. Therefore, starting from the BLTS, S T , with cardinality g + 1, it is built a new LTS S T with cardinality g + 1, such that g = 2 · g − 1. This new term set, S T , can be generated following a similar process for building a linguistic hierarchy [16, 28] , that is, on the one hand preserving all former modal points of the membership functions of each linguistic term from S T to S T and on the other hand, making smooth transitions between S T and S T by adding a new linguistic term between each pair of terms belonging to S T .
S T = {s 0 , ..., s g } can be seen as a bipolar scale [12] in which the linguistic term s g /2 represents an indifferent impact and terms on the left and on the right of it, represent negative and positive impacts respectively. In this intuitive manner are obtained linguistic values that in one hand, represent not only the significance but also reflects its nature and on the other hand, are easily comparable by using the 2-tuple computational model [14] .
While the previous procedure allows to obtain the syntax and semantics of S T . The adjusted impact according to the character of the criterion is computed by the ϑ transformation function: Definition 1. Let S T and S T be two LTS with cardinalities g + 1 and g + 1 respectively, such that g = 2 · g − 1; and let us consider the 2-tuple linguistic representation model. The transformation function ϑ : S T → S T , of a 2-tuple linguistic value on S T into S T , according to the character u ij of the evaluated impact, is defined as: Figure 6 : Example of transformation from S 5 to S 9 applying ϑ adjusting function Figure 6 exemplifies how ϑ operates. All (s r , α r ) ij values are adjusted through:
(iv) Computing final significance of the project.
The aim of the aggregation process is to generate the overall significance evaluation of each environmental factor and action as well as for the project, it can be fulfilled using the 2-tuple aggregation operators that generate the following indicators:
Factor's Significance: it represents the significance of an environmental factor due to impacts caused by all the actions interacting with it. Therefore, it is obtained aggregating the adjusted impacts' significance values of impacts over this factor.
Action's Significance: it represents the significance of impacts caused by an action over environmental factors. It is then obtained by aggregating the adjusted impacts' significance values of impacts caused by this action.
Action's Weighted Significance: it represents the significance of impacts caused by an action over the environmental factors also taking into account the importance of each impacted factor. Hence, it is obtained by a weighted aggregation of the adjusted impacts' significance values of impacts caused by this action using the weighting vector W f which allows to obtain lower significance values for more aggressive actions impacting the more important factors.
Global Significance: it represents the overall significance of impacts caused by all actions over all factors, that is the total possible effects that the environment will undergo caused by the project.
The global significance value allows to evaluate an individual project without the need of comparing it or considering other alternatives due to the linguistic domain of results addresses positive and negative impacts. The values obtained in steps (ii) to (iv) may be summarized as in Table 3 . 
Ranking alternatives
Eventually the total order of 2-tuples, facilitates the ranking of impacts, actions and factors according to their significance values. The larger the better, then the more affected factors and the more aggressive actions have lower significance values. Also different alternatives for the same project can be ordered depending on their global significance values. Since the significance values are expressed into linguistic 2-tuples the rankings are easy to obtain.
Illustrative example
In this section, the performance of the new EISA approach presented is illustrated using the exploitation of a petrol station project. In this type of project, hydrocarbons which escape from containment at a petrol filling station may enter the soil directly beneath the site or around its perimeter. Motor fuel entering the soil, because of its toxicity, has a detrimental or fatal effect on the flora and fauna within the contaminated area. Soil and the substrate beneath it may contain water that feeds a water supply for people or animals or supports river flows or other aquatic habitats. Components of motor fuels have significant solubility in water and once dissolved can give rise to contaminant plumes that can pollute volumes of water; as well as being toxic toward aquatic life, they may cause health problems to human if ingested.
Let consider a simplification of this complex project presented in [37] , to better explain the practical application of the EISA approach.
Heterogeneous Framework
• Actions: the operation of petrol pumps (a 1 ), the operation of car wash (a 2 ), the transport of fuels and materials (a 3 ) and the filling of fuel tanks (a 4 ).
• Environmental factors: daily sound comfort (f 1 ), hydrocarbons in air (f 2 ), public health and civic safety (f 3 ) and energy infrastructures (f 4 ). The importance units of factors W f = {0.20, 0.30, 0.35, 0.15}.
• Impacts: From the interactions between factors and actions, seven impacts were identified I = {I 12 , I 13 , I 21 , I 24 , I 31 , I 34 , I 41 } and their nature is represented by U = {−1, −1, −1, −1, −1, −1, 1}.
• Experts: The EIA committee is composed by three experts: a specialist on public health (e 1 ), a specialist on chemical fluids (e 2 ) and a specialist on urban infrastructures (e 3 ).
• Criteria: Impacts are assessed considering ten criteria [6] -(c 1 ) Intensity: The effect of the action on the factor.
-(c 2 ) Extension: The impact's sphere of influence of the action in relation to the site.
-(c 3 ) Moment: The time between the appearance of the action and the start of the effect on the factor.
-(c 4 ) Persistence: The time that the effect of the action would supposedly last.
-(c 5 ) Reversibility: The possibility of restoring the affected factor to its initial state by natural means.
-(c 6 ) Synergy: The reinforcement of simple effects.
-(c 7 ) Accumulation: The progressive increase in manifestation of the effect.
-(c 8 ) Effect: How the effect of the action on an environmental factor is manifested.
-(c 9 ) Recoverability: The possibility of restoring the affected factor through human intervention.
-(c 10 ) Periodicity: The regularity in the manifestation of the effect on the environmental factor. • Based on the nature of criteria, experts decided assess them using numerical, interval valued and linguistic information:
-Criteria c 1 , c 2 , c 6 , c 7 , c 8 , c 9 and c 10 are assessed in a linguistic set of five terms S 5 symmetrically and uniformly distributed with syntax depicted in Figure 7 .
-Criteria c 3 and c 5 are assessed in real numbers.
-Criterion c 4 is assessed in interval values.
• The criteria's weights are represented by the vector: 
Gathering preferences
The gathered heterogeneous preferences provided by experts are presented in Table 4 . 1,00 1,00 10,00 2,00 10,00 10,00 10,00 
Rating alternatives
In this phase the heterogeneous preferences are synthesized into value-full significance results which are ranked to obtain order of alternatives.
Managing cost/benefit criteria conflicts
Before managing cost/benefit criteria conflicts we note that numerical values corresponding to criteria c 3 , c 4 and c 5 are normalized first to obtain values in the unit interval. Once all values are expressed according the defined heterogeneous framework, the criteria conflicts are managed. Criterion c 3 is a cost one, then it is modified to be treated as a benefit one. In the following example we show how to perform this step for x 
Unifying values
The heterogenous preferences provided by experts are unified first into fuzzy sets and then into 2-tuple into the BLTS S T = S 5 . Table 5 shows the 2-tuple values which are generated as in the example below:
(s a , α a ) 31 24 = χ(T N S T (x To transform linguistic terms from S 5 to S 9 it is necessary to apply Equation (17) considering the character of impacts U. The adjusting procedure is performed as in the following example that adjusts the significance (s r , α r ) ij for impact I 12 with a negative character: Impacts' adjusted significance values are shown in Table 7 , row "(s t , α t ) ij ".
(iv) Computing final significance values
The final significance values (see Table 8 ) are computed by using the Equations (18)-(21). 
Ranking alternatives
In this step, the computed significance values are ordered to output the following final rankings:
• According to impacts' significance: I 41 I 12 I 24 I 21 I 31 I 13 I 34 .
• According to factors' significance: f 4 f 2 f 1 f 3 .
• According to actions' significance: a 1 a 2 a 4 a 3 .
• According to actions' weighted significance: a 1 a 4 a 2 a 3 .
It is remarkable the usefulness of this individual interlinked results for the purpose of decision making because even when projects are accepted, these values will support corrective and preventive measures applied to reduce the project's impact. The correction measures will be focused on handling more aggressive actions or the significatively negative impacts.
Conclusions
EISA is a critical procedure in which the significance of impacts induced by human actions on environmental factors is assessed. Enabling for gathering heterogeneous information and its accurate management is high-priority for increasing the interpretability of EISA simultaneously improving the precision in computation of significance values. Traditional methods are not efficient in handling the heterogeneity and uncertainty of EISA. In this paper, we have proposed a novel approach for EISA to overcome these limitations, by using the linguistic 2-tuple fusion model for dealing with heterogeneous flexible frameworks in which experts can provide their preferences by means of different domains, according to their experience and knowledge as well as the uncertainty and nature of each criteria. The proposal is based on the CWW paradigm that allows to obtain more interpretable results firstly unifying the heterogeneous assessments into linguistic 2-tuple values and latter applying an accurate aggregation process that makes possible to generate the significance of each impact as well as the significance of the environmental factors and actions along with the global significance of the project. The performance of the approach has been illustrated by solving an EISA problem.
